We propose a method for constructing a spatio-temporal cortical surface atlas of neonatal brains aged between 36 and 44 weeks of post-menstrual age (PMA) at the time of scan. The data were acquired as part of the Developing Human Connectome Project (dHCP), and the constructed surface atlases are publicly available. The method is based on a spherical registration approach: Multimodal Surface Matching (MSM), using cortical folding for driving the alignment. Templates have been generated for the anatomical cortical surface and for the cortical feature maps: sulcal depth, curvature, thickness, T1w/T2w myelin maps and cortical regions. To achieve this, cortical surfaces from 270 infants were first projected onto the sphere. Templates were then generated in two stages: first, a reference space was initialised via affine alignment to a group average adult template. Following this, templates were iteratively refined through repeated alignment of individuals to the template space until the variability of the average feature sets converged. Finally, bias towards the adult reference was removed by applying the inverse of the average affine transformations on the template and de-drifting the template. We used temporal adaptive kernel regression to produce age-dependant atlases for 9 weeks (36-44 weeks PMA). The generated templates capture expected patterns of cortical development including an increase in gyrification as well as an increase in thickness and T1w/T2w myelination with increasing age.
Introduction
During the third trimester, the developing brain undergoes significant increases in size and gyrification. At birth, all primary and secondary folding features of the human cerebral cortex have been well established (Hill et al., 2010) , and spatially consistent distributions of major sulci can be observed across individuals (Meng et al., 2014) . Understanding the mechanisms of these processes, and the characteristics of normal growth, is important for detecting possible abnormalities that could lead to neurodevelopmental disorders.
Improvements in brain imaging techniques have resulted in the increase of neonatal brain MR studies and the availability of high quality neonatal brain MR images. One such study is the Developing Human Connectome Project 1 (dHCP) led by King's College London, Imperial
College London, and Oxford University. The goal of the project is to acquire and analyse structural, functional and diffusion Magnetic
Resonance (MR) images of the brain from fetuses and neonates, in order to generate the first spatio-temporal connectome of early life. So far, the acquired dataset consists mainly of neonatal MR images, and thus we will focus on the neonatal cortical surface atlas construction in this paper. Analysing and visualising the functional and structural changes in the cortex requires a framework for comparing cortical anatomy and brain functional activations across subjects. This can be achieved through the development of common template spaces (or atlases). However, it is challenging to construct fetal and neonatal volumetric, as well as cortical surface, atlases due to the rapid development of cortical anatomies over time. Several volumetric neonatal atlases have been constructed (e.g. Kuklisova-Murgasova et al. (2011) ; Serag et al. (2012) ; Makropoulos et al. (2016) ). Of these, Kuklisova-Murgasova et al. (2011) constructed a 4D probabilistic volumetric atlas using rigid and affine registrations, and kernel regression; and Serag et al. (2012) built a spatio-temporal volumetric atlas using pairwise registrations, performed using volumetric Free-Form Deformations (FFDs) (Rueckert et al., 1999) , where the resulting transformations were averaged using adaptive kernel regression. Using registrations among all subject pairs they eliminated bias towards any of the subjects. Makropoulos et al. (2016) built a spatio-temporal structural atlas of the brain for 82 cortical and subcortical structures based on an automatic segmentation algorithm for parcellating the neonatal brain.
However, volumetric atlases are limited in that they allow only volume-based analysis and are designed mostly for the analysis of subcortical structures, while cortical surface atlases allow the analysis of highly-convoluted and highly-variable cerebral cortex (Van Essen and Dierker, 2007) . Furthermore, cortical surface atlases provide a reference space for surface morphometry and subsequent surface-based connectivity analysis in the developing brain (Wright et al., 2015) . Another limitation of volumetric atlases is that volumetric registration is not well suited to aligning the cerebral cortical sheet, because in 3D it is necessary to align both the sheet itself and areas within the sheet, whereas in 2D it is necessary only to align areas within the sheet, a much simpler and better conditioned problem in the context of variable folding patterns (Fischl et al., 2008; Glasser et al., 2013 Glasser et al., , 2016b .
As far as we know, only one term-age neonatal cortical surface atlas has been developed so far. This was constructed by Hill et al. (2010) using landmark-constrained surface registration of 12 term-born neonates (mean gestational age of 39 weeks). For this, six landmarks were delineated on each hemisphere for each subject. These were averaged across subjects and projected onto a standard sphere, used as a template. However, related atlases have been created by Li et al. (2015) , who constructed a 4D cortical surface atlas of developing cortex in older infants, with seven time points starting at 1 month until 24 months of age; they used Spherical Demons (Yeo et al., 2010) within a diffeomorphic groupwise registration method. Also, Wright et al. (2015) used spectral surface matching (Lombaert et al., 2013) for constructing a spatio-temporal cortical surface atlas of the developing fetal cortex for each week of gestation from 23 to 37 weeks (total of 15 templates).
The aforementioned atlases are either constructed for one specific target age (Hill et al., 2010) or do not include neonatal data at the term age Wright et al., 2015) . For this reason, we construct an unbiased, spatio-temporal, neonatal cortical surface atlas from age-matched groups of surfaces for each week of term gestation (9 templates in total, from 36 to 44 weeks). Group average maps for cortical folding (sulcal depth and curvature), thickness, myelination (Glasser and Van Essen, 2011) , and regional labels (Makropoulos et al., 2014) (Fig. 2) have been generated, and per region evaluation of developmental trends have been explored.
The atlas is constructed using Multimodal Surface Matching (MSM) , which is a spherical registration approach that allows flexible alignment of a wide variety of different types of features on the cortical surface, such as cortical folding and myelination. The versatility of MSM originates from using a modular discrete optimisation scheme that allows flexible choice of a similarity measure and is relatively insensitive to local minima. For the neonatal template construction we use a new and improved MSM that allows greater control over the smoothness of the deformations . This was used in Glasser et al. (2016a) to align 449 adult, multi-modal data sets, to a group average template, during development of the Human Connectome Project's (HCP) multi-modal parcellation of the human cerebral cortex. It has the advantage of generating smooth distortions and improved alignment, especially in areas of significant feature variance attributable to population variability.
In this paper, neonatal templates are generated in a two stage-process. First, an unbiased volumetric reference space is initialised via affine alignment to a group average adult template Conte69 (FS_LR, Van Essen et al. (2012) , used by the HCP), which resolves differences in the orientation of the subjects. This is left-right symmetric, and allows direct comparison between neonatal and adult feature sets as well as down-stream comparisons between the HCP healthy adult, baby connectome and life-span projects.
2 The bias towards the adult reference was removed by removing mean scaling from the final template. Following initialisation, the surface templates are iteratively refined, through alignment of fine-scale cortical folding patterns, to generate sharp, unbiased (and anatomically representative) templates for cortical surface analysis and visualisation. Iterative refinement is commonly used in atlas construction. Evans et al. (1993) used iterative registration to build adult standard volumetric MNI (Montreal Neurological Institute) space. They used a two-stage procedure to construct a template brain that was approximately matched to the Talairach atlas. Guimond et al. (2000) built an average intensity, average shape template of their image set in an iterative manner, using the result of the previous iteration as the reference image. Their average brain models did not evolve significantly after the first iteration. Iterative refinement procedures are also commonly used in the building of adult cortical surface templates (Fischl et al., 1999b; Lyttelton et al., 2007) .
The results presented here extend the work presented in Bozek et al. (2016) , in which a preliminary proof of concept of the proposed method for building an unbiased neonatal cortical surface atlas for 38-42 weeks PMA (Post Menstrual Age) was described. In this paper we extend our previous work by including data from a wider range of ages, by using more datasets per week, and by using temporal kernel regression with the adaptive kernel width for averaging to overcome the variation in the distribution of subjects at different ages. Note, in this paper we move away from the computationally expensive, and not easily expandable, pairwise initialisation proposed in Bozek et al. (2016) in favour of affine alignment to an adult atlas. Further, we perform atlas refinement and add another cortical feature, namely cortical thickness. Finally, we perform the analysis of feature maps for left and right hemisphere within different cortical regions as well as computing gyrification index.
In the next section we provide an overview of the dataset (2.1), details on adaptive kernel regression 2.2, used features (2.3), and methods used to generate the atlas (2.4). In section 3 we present the generated cortical surface templates as well as the analysis of the obtained averaged cortical features for left and right hemispheres. Registration code used for generating atlas is available (https://github.com/ecr05/MSM_HOCR) and the atlases constructed from the dHCP cohort are publicly available for download from http://brain-development.org/brain-atlases/corticalsurface-atlas.
Methods

Dataset
MR images were acquired as a part of the Developing Human Connectome Project; this study was approved by the National Research Ethics Committee and informed written consent given by the parents of all participants. Images were obtained from 270 infants with a 3T scanner (Philips) sited inside the Evelina London Children's Hospital Neonatal Intensive Care Unit with full intensive care facilities, using a 32 channel dedicated neonatal head coil . Infants were born at a 28-42 (median 39) completed weeks of PMA, and images were obtained 1-80 (median 3) days after birth at 35-44 completed weeks of PMA. Infants were fed and wrapped and allowed to sleep naturally in the scanner. Pulse oximetry, temperature and heart rate were monitored throughout and ear protection was provided for each infant (President Putty, Coltene Whaledent, Mahwah, NJ; MiniMuffs, Natus Medical Inc., San Carlos, CA). T2-weighted images were acquired in two stacks of slices acquired in sagittal and axial planes using the following parameters: TR ¼ 12s, TE ¼ 156 ms, SENSE factor 2.11 (axial) and 2.58 (sagittal) . Overlapping slices (resolution 0.8 Â 0.8 Â 1.6 mm 3 ) were acquired to give a final upsampled image resolution of 0.5 Â 0.5 Â 0.5 mm 3 after reconstruction and motion correction (Kuklisova-Murgasova et al., 2012; Cordero-Grande et al., 2016 . T1-weighted images were acquired using an inversion recovery sequence at the same resolutions with TI ¼ 1740 ms, TR ¼ 4.8s, TE ¼ 8.7 ms, SENSE factor 2.26 (axial) and 2.66 (sagittal). All images were reviewed by a paediatric neuroradiologist.
Adaptive kernel regression
Age-dependant atlases were constructed for 9 weeks (36-44 weeks PMA) using adaptive kernel regression (Serag et al., 2012) . Kernel size is determined in an adaptive way and defines temporal smoothness, where for weeks with higher density of subjects, a smaller sigma is chosen, and for weeks with fewer subjects a larger sigma is chosen. The target number of subjects included in time-interval groups for averaging was derived by first defining a target kernel σ ¼ 1 week, followed by measuring the median number of subjects included per age at this given σ and then adjusting the σ at each age in order to reach this target number of subjects. The age distribution of our dataset is shown in Fig. 1 . The resulting number of subjects in each time-interval group (from week 36 to week 44) were : 195, 195, 195, 198, 196, 197, 195, 195 and 195 ; with the resulting σ at each age: 1.64, 1.31, 1, 0.77, 0.64, 0.73, 0.9, 1.18 and 1.5 weeks. The numbers per template differ slightly as a result of avoiding splitting groups of subjects that were equidistant from the time interval centre.
Pre-processing
All images were processed using dHCP Structural Pipelines described in Makropoulos et al. (2018) . This pipeline generates white matter, midthickess, pial, inflated, very inflated and spherical surfaces, which all have vertex correspondence, as well as summary feature maps describing sulcal depth, mean curvature, cortical thickness, cortical T1w/T2w myelin maps and cortical labels (Fig. 2) . For more complete details refer to Makropoulos et al. (2018) ; however, in brief, sulcal depth maps represent mean convexity or concavity of a surface (Fischl et al., 1999a) ; mean curvature represents measure of cortical folding estimated from the average of principle curvatures (white surface); cortical thickness is estimated based on the Euclidean distance between corresponding vertices of the white and pial surfaces; T1w/T2w myelin maps represent relative myelin content in the cortical ribbon obtained from the ratio of T1 and T2-weighted images (relevant details regarding T1w/T2w myelin maps computation are included in the Supplementary Material); and cortical regional labels are propagated from the regions obtained in the volumetric segmentation.
Prior to template generation all surfaces were pre-aligned, through estimation of a rigid transformation between each subject's T2w image and the infant volumetric template. This ensures all neonatal surfaces have the same orientation and centering. Further, we estimate, and apply to each individual surface, a rotation between previously developed template (Bozek et al., 2016) , which was constructed in MNI space, and adult Conte69 atlas (Van Essen et al., 2012; Glasser and Van Essen, 2011) , which is significantly rotated with respect to the MNI space, in order to initialise alignment. This is a similar approach to the one proposed in Van Essen et al. (2012) , where a rotation is estimated between "fsaverage" space and Conte69 space and was used to initialise alignment.
Template generation
We generate the neonatal surface template in two stages: creation of an initial template through affine, spherical registration to an adult atlas, followed by iterative refinement performed using MSM .
In the first stage, each individual neonatal surface is initialised through affine, spherical alignment to the Conte69 atlas (Van Essen et al., 2012; Glasser and Van Essen, 2011) . Here, matching is performed between sulcal depth maps as these reflect coarse scale folding patterns that are common between neonates and adults (see Fig. 3 ). Optimal (affine) rotation parameters are estimated through gradient descent.
Following this, subject's mean sulcal depth features are resampled onto the template sphere, using barycentric interpolation. Initial sulcal depth template averages are then obtained by averaging within weeks using kernel weighting (section 2.4.1).
Affine initialisation, designed to generate an unbiased reference space, does not give a sharp feature result. The sulcal depth template captures coarse scale folding patterns across subjects, but it is unable to provide a representative average of all patterns of gyrification due to the high degree of cortical folding and variation in cortical folding patterns that has been observed in nature.
For this reason we refine the template via direct non-rigid MSM spherical alignment of all subjects to the average, over several iterations. Registration is driven using mean curvature features ( refinement iteration, average features from the previous iteration are used as reference features for registering individual spherical meshes to the template spherical mesh. Iterations stop when refinement of the feature maps converges. Fig. 4 shows curvature at several iteration steps with vertex-wise difference of curvature maps in respect to the previous iteration step. The change plateaus when the mean of absolute vertex-wise difference between subsequent iterations is 0.003.
In order to average surfaces and obtain anatomical and cortical feature templates, several steps are needed in order to map correspondences learnt during spherical alignment to cortical features and anatomies, and then perform averaging.
First, neonatal cortical anatomies are brought into approximate alignment by estimating an affine volumetric warp between each neonatal and the adult anatomical reference. This is achieved by resampling each neonatal cortical anatomy onto the adult reference mesh, taking advantage of the known vertex correspondence between each subject's sphere (which is in alignment with the reference sphere) and their anatomy (see for more details). This results in a resampled neonatal anatomical surface, with the shape of the adult cortical reference but the mesh topology (number of vertices) of the neonatal surface. Doing this generates point-wise correspondences (with original anatomies) through which affine transformation matrices are estimated, and applied, to bring all neonatal cortices into approximate alignment, prior to averaging. As a side effect, these surfaces are then scaled to the size of the reference Conte69 mesh.
Then, nonlinear correspondences between anatomical surfaces are assigned by resampling the reference mesh topology onto the estimated rescaled, reoriented anatomical surfaces, using correspondences learnt from the MSM spherical warp. This results in meshes with the same shape as the original neonatal cortical anatomies, but now with constant numbers of vertices and accurate vertex correspondence across individuals. These transformed surfaces can then be directly averaged to get each anatomical template.
Finally, individual feature maps are also resampled to the template, using correspondences learnt through the curvature defined mapping. These are averaged to generate population average templates of sulcal depth, curvature, thickness, and T1w/T2w myelin maps.
Template average: adaptive kernel weighting
Final estimates of template surfaces and feature maps are obtained through adaptive kernel weighted averaging across all subjects' registered and resampled data. It follows the adaptive kernel weighting approach proposed for volumetric atlas construction in Serag et al. (2012) , designed to address uneven dataset distribution.
Let S i , with i ¼ 1; ::; m, represent the source and C T , represent the reference (template) spherical mesh coordinates, A i represent the source and A T represent reference anatomical (white, pial, midthickness) surface mesh spaces, and D i and D nÀ1 T represent feature maps (sulcal depth, curvature, T1w/T2w myelin, thickness) for the source and the template obtained in iteration n À 1, respectively. The nth registration, for subject i, yields transformed spherical mesh S For each week the templates, that consist of a spherical and anatomical surface mesh and corresponding data, are obtained by weighted averaging:
where w i is a temporal weight defined by the difference between age t i of the source subject and the age of the template, t, given by a Gaussian kernel
where σ defines temporal smoothness and is determined in an adaptive way (Serag et al., 2012) , described in section 2.2. Cortical labels are resampled onto the final template mesh and labels of the different subjects are then combined with weighted averaging to generate a probabilistic map for each label. A maximumprobability atlas is obtained by assigning the label with the maximum probability at each vertex of the template mesh. It should be noted that maximum probability at each vertex does not explicitly preserve the topology of the parcels, and thus the method itself does not guarantee against holes in the segmentation. Nevertheless, in this instance (see exemplar probabilistic maps for cortical regions for week 40 in the Supplementary Material) we find the resulting topology is correct i.e. there are no holes within the parcels. This may be due to the relatively coarse nature of the parcels, which broadly follow patterns of coarse scale folding that are known to be consistent across individuals. For more fine grained and detailed parcellations, however, label fusion methods such as the ones proposed by Heckemann et al. (2006) 
De-drifting and rescaling
Finally, all estimated templates are de-drifted and rescaled (to remove the impact of the initial mean scaling to the size of the adult atlas). Here, group average drift is a phenomenon that occurs when registration templates are being generated with non-rigid registration algorithms or when different registration algorithms or templates are used to drive alignment to a common standard space (Learned-Miller, 2006; Balci et al., 2007; Abdollahi et al., 2014) . Drift is removed by computing the group average of subject meshes and concatenating its inverse onto each individual subject's registration. Following that, we repeated the weighted averaging in order to obtain a de-drifted template. Finally, we removed scaling, introduced through affine initalisation to the adult Conte69 atlas, by performing Log-Euclidian averaging of the affine transformations (Kuklisova-Murgasova et al., 2011) , and then applying their inverse to the neonatal template to scale the template back to the size of an infant.
Results
Final atlases
The final anatomical cortical surface atlases for the white matter and pial surfaces for weeks 36 through 44 are shown in Figs. 5 and 6. Cortical labels propagated to the final template and projected on the cortical pial surface for left hemisphere are shown in Fig. 7 and for right hemisphere in 
Atlas analysis
Templates are analysed in terms of spread, across subjects, of the average of feature values within each cortical region, for 32 cortical regions segmented with Draw-EM (Makropoulos et al., 2014 ) (based on the 20 atlases of (Gousias et al., 2012) ). Specifically, mean value of a feature within each cortical region of each subject was input to kernel-weighted averaging to get the spread across subjects, shown in plots in Figs. 12-15 for sulcal depth, curvature, thickness, and T1w/T2w myelin maps, respectively, with error bars representing weighted standard deviation. The same analysis, but across the whole brain, not per region, is plotted in Fig. 16 and presents mean template feature values computed as weighted average across subjects, with error bars representing weighted standard deviation. The figure also shows mean feature values across the whole brain for individual subjects. Supplementary Material provides complementary tables with listed average regional feature values and their change across weeks.
Cortical folding increases
Sulcal depth (Fig. 12 and Fig. S1 ) and curvature maps ( Fig. 13 and Fig. S2 ) show a small increasing trend over the observed weeks in different regions, as the majority of folds are present at term age and are getting deeper. Across the whole brain the average of absolute sulcal depth changes for 13%, from 3.13 at 36 weeks to 3.52 at 44 weeks. Average of absolute curvature changes less than 1%, only from 1.65 (36 weeks) to 1.66 (44 weeks).
Cortical thickness growth
Thickness is also following an increasing trend across weeks, which can be observed in Fig. 10 and Fig. S3 . This is expected since cortical thickness has a rapid increase in the neonatal period and during early childhood (Lyall et al., 2015; Dubois and Dehaene-Lambertz, 2015) . Overall, our results show that the average thickness across the whole brain has a 6% increase, from 1.04 mm at 36 weeks to 1.10 mm at 44 weeks. Cumulative sum of percent change across the whole brain between weeks is plotted in Fig. 17 and follows growth trends reported in previous studies (Lyall et al., 2015; Makropoulos et al., 2016) .
Values and percentage change of the average cortical thickness across subjects, per region and per whole brain are provided in tables in the Supplementary Material. There are regional variations in cortical thickness, with thinner regions being occipital and parietal lobes, while thicker cortices include temporal regions. There is a regionally heterogeneous growth in the cortical thickness from 36 to 44 weeks. Regions experiencing the greatest increase of cortical thickness in the observed period include occipitotemporal gyri and insula. Regions experiencing the least increase include posterior cingulate gyrus, superior temporal gyrus and anterior temporal lobe.
T1w/T2w myelin increase
An increasing developmental trend for both hemispheres can also be observed in T1w/T2w myelin maps (Fig. 11 for left and Fig. S4 in the Supplementary Material for right hemisphere). Its average value across the whole brain increases 21%, from 1.04 (36 weeks) to 1.26 (44 weeks). Cumulative sum of percent change across the whole brain between weeks is plotted in Fig. 17 and tables with regional values and percentage change in T1w/T2w myelin across weeks are included in the Supplementary Material.
However, since the analysed regions include both areas of poor myelination and of high myelination (e.g. precentral gyrus which is analysed as a part of frontal lobe), the quantitative values may not depict the true developmental trends and a detailed regional segmentation should be analysed in the future. Highly myelinated regions seem to be occipital lobe, frontal lobe and superior temporal gyrus, while the least myelinated regions are gyri parahippocampalis et ambiens anterior and posterior, posterior cingulate gyrus and lateral occipitotemporal gyrus fusiformis anterior and posterior.
There is a regionally heterogeneous increase in T1w/T2w myelination from 36 to 44 weeks. The greatest increase in T1w/T2w myelination is in gyri parahippocampalis et ambiens posterior, posterior cingulate gyrus and lateral occipitotemporal gyrus fusiformis posterior. Regions experiencing the least increase include superior temporal gyrus middle, anterior temporal lobe and gyri parahippocampalis et ambiens anterior.
Cortical surface expansion
Surface area measure was used to assess expansion of the brain and of the different regional structures in the period across 36-44 weeks. It was computed by adding up the area of all triangular faces within each region of the pial surface. Plots of regional surface area measure are presented in Fig. 18 , representing weighted average across subjects with error bars showing the weighted standard deviation. Results across the whole brain are plotted in Fig. 19 and present mean surface area values computed as weighted average across subjects, with error bars representing weighted standard deviation. The figure also shows mean surface area across the whole brain for individual subjects.
Overall, our results show that the average cortical surface area across the whole brain has a 27% increase for left hemisphere, from 83,777 mm 2 at 36 weeks to 106,631 mm 2 at 44 weeks, and 28% increase for right hemisphere, from 81,792 mm 2 at 36 weeks to 104,689 mm 2 at 44 weeks. Cumulative sum of percent change across the whole brain between weeks is plotted in Fig. 17 and tables with regional values and percentage change in surface area across weeks are included in the Supplementary Material. The expansion trends follow growth reported in previous studies (Lyall et al., 2015; Makropoulos et al., 2016; Garcia et al., 2018) . There are regional variations in the surface area expansion. Regions with high expansion in the observed period are anterior temporal lobe medial, medial and inferior temporal gyri posterior and anterior, lateral occipitotemporal gyrus fusiformis anterior and frontal lobe. Low-expanding regions include gyri parahipp. et ambiens posterior 
Gyrification index
The increasing trajectory of growth is shown in Fig. 20 by calculating gyrification indices (GI) for brains of individual subjects and for the final atlas. GI is defined as GI ¼ Area pial =Area hull , where Area pial is the surface area of the pial surface and Area hull is the surface area of the convex hull surface, which is obtained by morphologically closing the pial surface. In individual cases, gyrification index ranges from 1.73 at 36 weeks to 2.86 at 44 weeks for left hemisphere and from 1.74 at 36 weeks to 2.83 at 44 weeks for right hemisphere. Weighted average across individual subjects ranges from 2.09 at 36 weeks to 2.57 for 44 weeks for left hemisphere and from 2.08 at 36 weeks to 2.58 for 44 weeks for right hemisphere.
It should be noted that due to the smoothing of gyri during surface averaging, which is due to intersubject variability, the group average surfaces have less defined folding, making measures such as gyrification index less meaningful on average surfaces (here, 1.45 at 36 weeks to 1.60 at 44 weeks for left hemisphere and 1.41 at 36 weeks to 1.60 at 44 weeks for right hemisphere). 
Inter-hemispheric asymmetries
Developmental growth trends are similar in both hemispheres, however, some asymmetries between left and right hemispheres can be observed in some regions. Sulcal depth has higher values of anterior temporal lobe medial and lateral in left hemisphere compared to the right, while lower values in superior temporal gyrus middle, lateral occipitotemporal gyrus fusiformis anterior, insula and gyri parahipp. et ambiens posterior. There is not much inter-hemispheric asymmetry in mean curvature, except in insula which has greater mean curvature in right hemisphere. This was also observed in the studies of the adult healthy brains (Kang et al., 2012) .
There are some regional asymmetries between left and right hemisphere in the mean thickness. Cortical thickness is higher in left hemisphere in anterior temporal lobe medial and lateral occipitotemporal gyrus fusiformis, while greater in right hemisphere in gyri parahippocampalis et ambiens anterior. Increase of thickness from 36 to 44 weeks across the whole brain for left and right hemispheres is plotted in Fig. 17 and shows cumulative sum of percent change between weeks. Asymmetry between hemispheres is prominent in T1w/T2w myelin, with higher myelination in right hemisphere in anterior temporal lobe medial and lateral, and gyri parahippocampalis et ambiens anterior. There is no asymmetry in the increase of myelination of hemispheres (21% increase from 36 to 44 weeks). This can also be observed in Fig. 17 where left and right hemisphere growth curves overlap. However, cortical expansion is marginally greater in right hemisphere, where from 36 to 44 weeks surface area increases 28% in the right hemisphere compared to the 27% increase of the left hemisphere. 
Distortion maps
To evaluate the biological plausibility of the deformations estimated during alignment, areal distortion map is computed for each subject and the absolute values of areal distortion are averaged across subjects within each week. Areal distortion is defined as log 2 ðArea 1 =Area 2 Þ, where Area 1 is the area of the registered spherical surface tile and Area 2 is the area of the original spherical surface tile. Also, we computed average across subjects of the anisotropic deformation map. The anisotropic deformation map or anisotropic strain is calculated by an affine transform between matching triangles, and then averaged across the triangles of a vertex. It is defined as AS ¼ log 2 ðSR max =SR min Þ, where SR max is major stretch ratio and SR min minor stretch ratio between the registered and original spherical surface tile pair, if affine registration is applied to the pair. It represents how elongated a unit circle would become, i.e. if the unit circle is transformed to an ellipse with major axis 2 and minor axis 1/ 2, then the anisotropic strain is 4. Areal distortion and anisotropic strain are computed using Connectome Workbench 3 command -surfacedistortion with -local-affine-method option (developers version May 2017). The averaged absolute areal distortion map and the averaged anisotropic deformation map spanning 36-44 weeks are shown in Figs. 21 and 22. Mean of the average across subjects of the absolute areal distortion map is 0.18 for left and 0.17 for right hemisphere, and mean of the anisotropic distortion map is 0.45 for left and 0.47 for right hemisphere. Peak distortions (maximum and minimum values) of the entire dataset are listed in Table 1. Table 2 lists mean areal and anisotropic distortions across all subjects and all weeks and its maximum values to facilitate comparison with values reported in prior study by Robinson et al. (2018) , where distortions measured folding based alignment of the adult HCP task fMRI data using spherical MSM with higher-order strain regularisation (sMSM STR ).
Increased areal distortion is observed around the Sylvian fissure and in the inferior parietal lobe on the lateral side. On the medial wall it is increased in the occipital lobe and in the ventromedial prefrontal areas. Mean areal distortion in this study is 0.17 (prior study 0.102) and its maximum is 0.68 (prior study 0.525).
The anisotropic deformation map exhibits higher values compared to areal distortion, although still smooth across the surface. It has similar pattern to the one reported in Robinson et al. (2018) . However, our distortion values are higher, because the prior study optimized the regularisation of the folding alignment so as to maximize alignment of cortical areas as measured using task fMRI rather than maximizing alignment of cortical folds (and thereby reducing the alignment of cortical areas somewhat). Mean anisotropic distortion in this study is 0.46 (prior study 0.235) with maximum value of 2.20 (prior study 1.151). Due to higher values, scale of mean anisotropic distortion in Fig. 22 is 0.0-1.0, compared to prior study where the scale was 0.0-0.5.
Discussion
This paper presents the first spatio-temporal neonatal cortical surface atlas for 36-44 weeks PMA, collected using data from the developing Human Connectome Project. Templates reflect both mean geometry (shape), cortical folding, thickness, and T1w/T2w myelination, and estimate per week averages of cortical regions (defined using the ALBERTs atlas (Gousias et al., 2012) ).
The atlas retains features that are representative of the subject population and provides a sharp template for the cortical surface analysis and for visualisation purposes. Additionally, the atlas shows developmental trends of cortical features, including some increase in the complexity of cortical folding, and increase in thickness and in T1w/T2w myelination. Finally, analysis of cortical features in corresponding regions of left and right hemisphere investigates symmetry between the two hemispheres.
Developmental trends across weeks can be recognised in the cortical thickness feature which increases with age (Fig. 17) . Although the developmental trends of cortical thickness at the neonatal period are still not thoroughly investigated, in the first postnatal year there is robust and regionally heterogeneous growth of cortical thickness averaging 31% (Lyall et al., 2015) . Our cortical thickness data indicates small increases in cortical thickness over the immediate post-natal weeks. The large, regionally heterogenous, increase that occurs in the first post-natal years is not apparent yet in our age range. In addition, our cortical thickness values are significantly lower than those seen in other samples, with our ranges lying just above 1 mm on average, whereas other recent studies show values centred around 2 mm (Li et al., 2016) . However, differences between reported values can be due to different image acquisition, image segmentation and surface reconstruction methods, as discussed in Makropoulos et al. (2018) . Moeskops et al. (2013) present thickness values estimated based on manually segmented cortices and the estimated thickness in their study varies between 0.95 and 1.2 mm which is very similar to the obtained measurements here. Further, the histological findings by Moore and Guan (2001) indicate thickness of about 1.2 mm at 37-42 weeks in Heschl's gyrus, increasing rapidly thereafter.
Studies focusing on the first postnatal years such as Lyall et al. (2015) demonstrate much more dramatic changes in cortical thickness, mirroring the large overall brain growth, synaptic and dendritic proliferation (Huttenlocher and Dabholkar, 1997) and reflecting more widespread myelination of the underlying white matter, all co-occurring at a fast rate in the first postnatal year in particular. Our results are relatively subtle, regional patterns of cortical thickness growth obtained through the analysis of our dataset (36-44 weeks PMA) were very similar to the ones observed in the first 2 years of life in the study performed by Lyall et al. (2015) . We found that regions with the greatest increase of cortical thickness include occipitotemporal gyri and insula. Similarly, Lyall et al. (2015) determined that in the first two years of life one of the regions with the greatest thickness growth is insula.
Further, they found that regions with the least amount of thickness growth were postcentral gyrus, superior parietal gyrus, multiple areas in the occipital lobe and the middle temporal pole, while our analysis observed the least increase in posterior cingulate gyrus, superior temporal gyrus and anterior temporal lobe. This may suggest that there are developmental trends in the period around term age that are similar to the first two years of development. Longitudinal follow-up and a wider age range would help to provide greater insight in this very dynamic period of brain development.
Another feature that was captured in the template and that followed brain development that can be observed in the individual subjects is myelin. Myelin is seen microscopically from 35 weeks of post-menstrual age in the pre-and postcentral gyri (Rutherford, 2002) . Although in the literature T1w/T2w myelin maps were mostly used in the adult brain analysis, the T1w/T2w ratio can be used to assess myelination in the neonatal population (Soun et al., 2016) . T1w/T2w myelin maps relate to Fig. 16 . Mean of absolute feature map values across the whole brain for individual subjects spanning 36-44 weeks (red dots -left hemisphere, blue stars -right hemisphere) and weighted average across subjects of feature map values across the whole brain with error bars representing weighted standard deviation across subjects (red line -left hemisphere, blue line -right hemisphere). the areal boundaries (Glasser and Van Essen, 2011) of cortical areas and mapping cortical myelin content in the neonatal brain could improve the ability to diagnose myelin abnormalities in the developing brain, since they are sensitive to myelin density in neonates, as they are in adults (Soun et al., 2016) . The use of HCP-standard cortical T1w/T2w myelin maps is chosen to allow comparison with adult HCP data, and also on account the choice of scans available through the dHCP protocol . Within this limitation, it is important to note that the neonatal myelin maps were generated from a IR-TSE T1 sequence, rather than the MPRAGE as used in Glasser and Van Essen (2011) . T1w/T2w myelin maps computed for the final templates showed a general trend of increase of myelination across weeks, with the expected heavier myelination in primary cortical areas: pre-and post-central gyri (motor-somatosensory), calcarine sulcus (visual) and Heschl gyrus (auditory) (Glasser and Van Essen, 2011) . Across the whole brain there was a 21% increase in T1w/T2w myelin maps from 36 to 44 weeks. There is a limitation in our regional analysis of myelination trends due to the size of our regions. Since some of the regions are big, the effect of the high T1w/T2w myelin in regions such as precentral gyri gets averaged in with regions of low myelin in frontal cortex, and similarly happens with postcentral gyri being averaged within parietal areas. Fig. 19 . Mean of surface area across the whole brain for individual subjects spanning 36-44 weeks (red dots -left hemisphere, blue stars -right hemisphere) and weighted average across subjects of surface area across the whole brain with error bars representing weighted standard deviation across subjects (red lineleft hemisphere, blue line -right hemisphere). Developmental growth was also assessed using the measure of cortical surface area. Its expansion showed agreement with previous studies (Lyall et al., 2015; Makropoulos et al., 2016) . Week 37 is considered early term age (American College of Obstetricians and Gynecologists, 2013) and the fastest brain growth occurs before 36 weeks, after which the growth rate decreases (Armstrong et al., 1995) . However, patterns of cortical folding obtained in the template agree with the fact that, by early term age, sulci are formed and over the following few term weeks they become deeper (Rutherford, 2002) . Admittedly, not having atlases for fetal population at the moment is a potential limitation of this study and a constraint on the analysis of the development trends. However, the template method will be extended to fetal groups once we acquire the data.
The gyrification index showed the increase of the fine scale folding across the weeks, where our templates followed the general trend towards increased gyrification index which reflects the pattern observed in the individual subjects. The values of the gyrification index of our final atlas are smaller on average than the ones measured in post-mortem brains in Armstrong et al. (1995) , where values ranged from 2.0 (at around 36 weeks of age) to 2.3-2.8 (at around 44 weeks of age). Also, as presented in the results section 3.2.5 they are smaller than the values estimated from the individual cases from our dataset. The reason for smaller values estimated for the final template is likely due to smoothing of the smaller and finer folds during the averaging process. This is a common, unavoidable, side-effect of brain atlasing procedures, resulting from considerable inter-subject variability in cortical shape.
We have analysed inter-hemispheric asymmetries present in the template features (cortical folding, thickness, T1w/T2w myelin) as well as in the cortical surface area. Our results revealed inter-hemispheric asymmetries present at this early stage of the development, which are consistent with previous studies. As summarized by Toga and Thompson (2003) there are regional differences between the two hemispheres, although they are similar in weight and volume. Some of the studies of inter-hemispheric asymmetries, such as the one by Dubois et al. (2008) and Van Essen (2005) focused on the asymmetry of sulci. As reported for preterm born neonates (Dubois et al., 2008) , the right hemisphere presents gyral complexity earlier than the left, with a larger superior temporal sulci for most preterm newborns. This was also observed in our results, where sulcal depth had larger values for right hemisphere in the superior temporal region. The T1w/T2w myelin asymmetries observed in our data should be taken with caution, due to the size of our regions. Further evidence and analysis are needed to determine whether the observed inter-hemispheric asymmetry is indeed genuine.
The biological plausibility of deformations estimated during the alignment was assessed using areal distortion and anisotropic strain. Areal distortion is higher in the left hemisphere compared to the right, which may have biased our analysis of inter-hemispheric asymmetries. In the adult population used in Robinson et al. (2018) there are also present some inter-hemispheric asymmetries of areal distortion, although the analysis was performed only on 28 adult subjects and thus those asymmetries should be taken with caution. The deformations in our data across the cortical surface are higher, but comparable in pattern, with the ones reported for adults in Robinson et al. (2018) . However, folding alignment in Robinson et al. (2018) was optimized in order to maximize alignment of task fMRI. Thus, although our distortions are higher, they are in a biologically plausible range. Biologically plausible distortion is a Fig. 22 . Average across subjects of the anisotropic deformation map, spanning 36-44 weeks (data projected on the inflated surface, left hemisphere, lateral and medial views). source of differing opinions for folding-based registration and is an open question in the research community. However, it is considered that biological plausibility means that the distortions are lower than 4-fold expansion or compression (Van Essen, 2005) . In this paper initial template construction is based on affine alignment of all individuals to Conte69 (Van Essen et al., 2012) . Initialisation towards adult atlas allows for future comparisons across different populations, namely neonatal and adult, as well as comparisons of neonatal data against data and results obtained in HCP studies.
It is important to point out that using adult atlas as a volumetric reference introduces bias of the neonatal atlas towards the adult space, and it alters the size of the brain. We have removed this bias and rescaled the templates to the neonatal brain size by following the approach presented in Kuklisova-Murgasova et al. (2011) , where affine transformations are averaged using Log-Euclidian averaging and their inverse is applied to the neonatal template.
In order to account for the drifting of the spherical atlas features that occurred during the refinement through iterative registrations, we removed the drift by computing the group average and concatenating its inverse onto each individual subject's registration, after which we computed the new de-drifted average.
Coarse scale folding features, namely sulcal depth maps, are used to drive the affine registrations, since finer scale cortical folding features, such as curvature, have a high degree of inter-subject variability, and these were used for atlas refinement (Hill et al., 2010) . Iterative atlas refinement follows a commonly utilised approach of aligning subjects to the template from the previous step and averaging the results to obtain a refined template until it converges (Fischl et al., 1999b; Black et al., 2001; Lyttelton et al., 2007) .
The temporal resolution depends on the amount of available data for each time interval, and the difference between the age of subjects and the age of each template. These limitations could have been overcome by using adaptive kernel regression (Serag et al., 2012) , diffeomorphic regression (Singh and Niethammer, 2014) or statistical growth regression (Durrleman et al., 2013) . We used adaptive kernel weighted averaging (Serag et al., 2012) , where the kernel serves to interpolate between the subjects and to average out the inter-subject variation. Using kernel regression we achieved an overlap, and hence continuity, of subjects, where subjects whose age was further away from the template age were given a smaller weight in the averaging process. Since our dataset had an uneven distribution of cases across weeks, in order to eliminate possible dataset size bias, we used adaptive kernel weight for averaging. For weeks with higher density of subjects, a smaller temporal smoothness is chosen, and for weeks with fewer subjects a larger temporal smoothness is chosen. The used target kernel width and obtained number of subjects per week produced temporally smooth atlases with noticeable shape differences. It is likely that significantly increasing the number of subjects in each time interval would impact the atlas shape and feature maps by making them smoother, thereby failing to model the temporal shape differences.
An alternative approach for averaging used by Wright et al. (2015) , which is also based on Serag et al. (2012) , uses fixed temporal kernel width across weeks because of fairly evenly distributed subjects in their dataset. Further, besides the temporal weighting, their weighting function included spatial weighting. Spatial weighting was used to find the average surface position and achieve uniform spatial smoothness, because the vertices of each surface were not evenly sampled in the domain they used to build the templates.
Using spherical registration, such as MSM, our neonatal atlas has the potential to be brought into alignment with other neonatal surface atlases that are based on a spherical projection containing cortical features, such as the aforementioned Hill et al. (2010) , Li et al. (2015) and Wright et al. (2015) . In this way, the atlases could be used in a complementary fashion, and extend the time-interval in which brain development is analysed.
There are limitations with this approach inasmuch as, even at these early developmental stages, a single population atlas might not be able to capture and show all individual variations in a population due to the anatomical variability across subjects (Bijsterbosch et al., 2018) . Hence the group average surfaces are smoother, with shallower folds than those of individuals. Currently there are no clear alternatives for creating templates that reflect inter-subject variability. Although, there is a potential for methods such as those proposed by Wang et al. (2015) , which make use of intermediate templates or (Iordan et al., 2016) , which combine global spatially constrained alignment with local hyper-alignment techniques. Another possible fix might be the use of groupwise methods such as , where this is performed through a discrete optimisation framework that seeks to simultaneously improve pairwise correspondences between surface feature sets, while minimising a global cost relating to the rank of the features.
The cortical surface atlas can be used to compare functional and diffusion MRI outputs. However, folding-based alignment is not the optimal way to align functional data, though it can be tuned for that purpose. We have previously shown that using more stringent distortion regularisation of folding-based alignment produced better functional alignment at the expense of more residual folding variability . Additionally, driving surface alignment with functionally relevant features produces even more folding variability, while improving functional alignment (Glasser et al., 2016a) . The reason for these effects is the often poor correlation between folding patterns and cortical areas (Glasser et al., 2016b) . Thus, this folding aligned template may have more folding detail than would be present in a functionally aligned template of these same data. In general, it is best to align all data in a given study using the same registration approach, and not, for example, to display functionally aligned data on a folding aligned template. Thus, future work will focus on optimising the framework for functional alignment, which would be a natural next step once we have the data.
In conclusion, our proposed atlas (available to download from http:// brain-development.org/brain-atlases/cortical-surface-atlas) represents the first spatio-temporal atlas based on cortical surfaces of the developing brain around term age. It provides means of comparing a wide variety of features on the cortical surface and a vital resource for comparing and contrasting multimodal imaging data on the cortical surface, as well as for a population based study to compare brain structure and folding across populations and over time. Future work will extend the template to preterm and fetal cohorts.
